In this study we developed a methodology to identify and quantify the relationships among determinants of land cover change using a regional case study in the Brazilian Amazon. The method is based on the application of fuzzy cognitive maps (FCMs), a semi-quantitative tool that provides a structured assessment of key feedbacks in scenario analysis. Novel to the application of FCMs is the use of spatial data-sets as the main input to build a cognitive map. Identification of interactions between land cover determinants and strengths is based on an empirical analysis of spatially explicit data and literature review. Expert knowledge is adopted to identify the strengths and weaknesses of the method. Potential pitfalls, such as spatial autocorrelation and scale issues, identified are intrinsic to the empirical data analysis. The outputs of the resulting FCMs are compared to the outputs of spatially explicit models under similar scenarios of change. The proposed method is said to be robust and reproducible when compared with participatory approaches, and it can endorse the consistency between demand and allocation in scenario analysis to be used in spatially explicit models.
Introduction
The comprehension of coupled human-environment systems has been recognized as an important issue by the land science community (Turner II, Moran, and Rindfuss 2004; Liu et al. 2007) . This is particularly relevant in the context of the Brazilian Amazon, an enormous and heterogeneous region regarding social, economic and environmental factors (Perz and Walker 2002; Becker 2004; Alves 2008; Fearnside 2008b) . The multi-causality of land use and land cover dynamics required new approaches combining generic biophysical and socio-economic data as well as human-environment conditions specific to case studies (Lambin et al. 2001) . As a result, a number of land change studies have moved from relatively simplistic representations with a few driving forces to a more complex multi-variable understanding (Câmara et al. 2005; Geist et al. 2006) .
Tackling the complexity of land cover change requires investigation of interactions among factors at different spatial and temporal scales (Veldkamp and Fresco 1996; Lambin and Geist 2003) . These interactions include feedback mechanisms that are key steps to comprehend non-linear landscape processes and their links to human decision-making (Claessens, Schoorl, Verburg, Geraedts, and Veldkamp 2009 ). However, inherent limitations of land use/land cover change frameworks to incorporate feedback mechanisms between human actions and environmental changes are still a challenge to modellers that use spatially explicit approaches (Veldkamp and Verburg 2004; Verburg 2006; Verburg, Kok, Pontius, and Veldkamp 2006; Parker, Hessl, and Davis 2008) .
The implementation of feedback mechanisms has a number of constraints in both spatially explicit and agent-based models. Data availability and computational complexity are some of the limitations when linking spatial variation of land use to the social structure of decision-making (Verburg 2006) . Although multi-agent models can combine cellular-and agent-based concepts in an integrated approach, many challenges such as modelling the behaviour of various agents and institutions remain, taking into account the complexity of time and spatial scales in a given land use system (Parker, Manson, Janssen, Hoffmann, and Deadman 2003) .
Recent studies have indicated the potential of fuzzy cognitive mapping as a proxy tool to investigate the role of feedback mechanisms in coupled human-environment systems. Cognitive maps have been useful in analysing decision-making and complex social systems (Roberts 1973; Axelrod 1976; Montazemi and Conrath 1986; Carley and Palmquist 1992; Cossette and Audet 1992) . Kosko (1986) was the first to associate cognitive maps to fuzzy logic by incorporating qualitative knowledge as fuzzy causal functions using a matrix representation. Thus, a fuzzy cognitive map (FCM) is a cognitive map where relationships among the elements derive from a given mental map, with their relative importance representing the magnitude of the causality of such elements. In this context, a FCM can play an important role in building semi-quantitative scenarios taking into account different stakeholders' perceptions (Kok 2009; Vliet, Kok, and Veldkamp 2010) .
Application of FCMs to land use science requires the interpretation of subjective information, for example, stakeholders' perceptions or expert knowledge, into semi-quantitative description of variables and their interrelations (Ozesmi, U. and Ozesmi, S. 2003; Kok 2009; Vliet et al. 2010) . Although the semi-quantitative nature of FCMs is considered a weak point when linking them to quantitative models, the dynamic outputs of FCMs in scenario development can facilitate land use/land cover models by unveiling hidden feedback mechanisms as shown by Kok (2009) . Most land use/land cover change models use an external demand based on an economic approach of a trend extrapolation, usually yielding a very static and almost gradual change in demand (Milne, Aspinall, and Veldkamp 2009) . In reality, demand changes rather erratically due to all kinds of feedbacks in land use systems. These feedbacks can be represented in an FCM allowing a semi-quantified evaluation of their role in specific demand scenarios.
In summary, considering the state of the art of current applications of FCMs in environmental sciences, we identify two aspects that have not received much attention in literature and are essential to explore further:
(1) FCMs are often constructed during stakeholder workshops and therefore represent the (subjective) opinion of a small group of individuals. A more objective and therefore reproducible method does not exist. (2) FCMs are not linked to quantitative models, even though their semi-dynamic character provides possibilities to do so.
Taking into account these two aspects, this article addresses a new method to develop FCMs. The main objective is to present and test a reproducible and robust method to develop FCMs based on spatially explicit data in combination with the existing literature. The resulting FCM is compared to an FCM constructed directly by a number of experts from leading institutes on spatial research in Brazil. Both products are compared to evaluate strong and weak points of the proposed new method of building FCMs. To address the second aspect, we illustrate how FCMs can be converted to land cover change scenarios.
FCMs in land use science
A FCM is a collection of concepts C i that in land use science can represent the land use types and their determinants of change. These concepts are linked to each other by causal relationships represented by arrows (C i → C i+1 ), as illustrated in Figure 1 . Each concept receives an initial value a ∈ [−1, 1] that is transferred in the first step of the FCM calculation to another concept through the relationship between them. In addition, each relationship is quantified by a weight, varying between 0 and 1, which is the strength of the relationship between the two given concepts (Kosko 1986) .
The set of initial values of all concepts form a matrix 1 × n called state vector, where n is the total number of concepts adopted. In addition, the causal relationships can also be represented by an n × n matrix called adjacency matrix, where the position and magnitude of each C i,j element indicate, respectively, the direction of the causality and the weights between the concepts (C i weight −→ C j ). The iterations in a FCM consist of multiplying the state vector by the adjacency matrix obtaining a new state vector. This step is then repeated until there is a quasi stabilization of the changes in the state vector. The new state vector can assume values outside the interval between -1 and 1. In the example of Figure 1 , the initial state vector is A = [1 0.5 -0.5] and after the first iteration it becomes A = [0.2 0.5 1].
Once the values of elements in the state vector and in the adjacency matrix are defined, the iterations in a FCM can be implemented in different statistical packages, such as R-project and Microsoft Office Excel ® software, which were used in this study (Microsoft Corporation 2003; R-project 2010) . For further methodological details of FCMs, refer to Kok (2009) .
When applying FCM to land use science, the stakeholders' perceptions and expert knowledge can be considered a strong point of the tool because of its flexibility in including the consensual opinion of any group during a short workshop. However, to link FCMs to spatially explicit models of land use/land cover change, a larger degree of objectivity is desired, which is attempted by the proposed method that links spatial data to FCMs described in the next section. 
Linking FCMs to spatially explicit data
The proposed methodology is illustrated in Figure 2 and comprises six steps: (1) selection of land cover change determinants based on literature review and fieldwork information; (2) codification of spatial data representing potential land cover change determinants (or their proxies); (3) cross-analysis between significant correlation coefficients of coded variables and literature review; (4) establishment of causal relationships based on literature review; (5) semi-quantification of causal relationships based on the correlation coefficients; and (6) building and calibrating the obtained FCM, which is the central object of the method and is called data-FCM.
Selection of land cover change determinants
Located at the southwest part of the Brazilian Amazon, the study area encloses the northeast of Rondônia State (Figure 3 ). It is characterized by small landholders (<200 ha) based in official settlements established from the 1970s until recent years (Browder 1994; Machado 1998; INCRA 2008) . Most of the old settlements (established before the 1980s) are located along the main road BR-364 on more fertile soils, whereas the ones established after the 1980s are located in poorer soils along secondary roads (Fearnside 1986; Machado 1998) . Accessibility is an important driver for small farmers who intensify land use in more accessible areas (Alves, Escada, Pereira, and Linhares 2003) . Medium (250-1000 ha) and big farms (>1000 ha) occupy areas outside the official settlements, but land aggregation is often observed in older settlements (Coy 1987; Millikan 1992; Pedlowski, Dale, Matricardi, and da Silva 1997; Escada 2003) . Soil fertility is an important determinant when hardly any forest remnants are left (Roberts et al. 2002; Soler and Verburg 2010) . Rainfall determines deforestation at the regional scale as more pronounced dry seasons increase agro-pasture productivity (Schneider, Arima, Veríssimo, Barreto, and Souza 2000; Sombroek 2001 ). Thus, areas with more consecutive dryer months are more prone to deforestation, which is directly linked to fire occurrence (Aragão et al. 2007 (Aragão et al. , 2008 . Furthermore, consecutive years of intense droughts can cause more fire events in the long term (Nepstad et al. 2001; Malhi et al. 2009) .
Ranching is the predominant land use among medium and big farmers, but it can also be an important source of income for small landholders (Pedlowski et al. 1997; Walker, Moran, and Anselin 2000) . The regional and global beef demands are pointed as the main causes driving the increase in cattle herd in the Brazilian Amazon (Faminow 1997; Arima, Barreto, and Brito 2005) . Even though government subsidies have decreased in the last two decades, subsidized loans for pasture activities can still influence household level decisions (Moran 1993; Brasil 2007) . In old settlements the ageing of householders affects labour force availability, which can lead to an increase of pasture area and even force small farmers to sell their land in areas progressively dominated by large farms (Browder et al. 2008) . This local dynamics can explain the stronger causality between deforestation and the number of inhabitants as well as between deforestation and the per capita income rather than population density in old settlements in the northeast of Rondônia State (Soler, Escada, and Verburg 2009 ).
Despite the fact that public policies have strengthened forest conservation in the Brazilian Amazon (Jenkins and Joppa 2009) , forest reserves and indigenous lands are still threatened by the lack of appropriate enforcement (Fearnside 2003; Pedlowski et al. 2005) . In parallel, land speculation, mining and logging markets attract land grabbers to either unclaimed or protected areas that might end up occupied by squatters. In some cases, the forest reserves' required inside properties (legal reserves) are invaded by squatters compelling the local authorities to create new settlements (Fearnside 2005) . Although land tenure data are incomplete, deforestation at the fringes of old settlements on legal or forest reserves indicates informal land markets linked to illegal occupation (Fujisaka, Bell, Thomas, Hurtado, and Crawford 1996; Brandão, Souza, Ribeiro, and Sales 2007; Sills and Caviglia-Harris 2008) .
From the location factors described above, the following deforestation determinants were selected: location of old and new settlements (i.e. established before and after the 1980s); accessibility to infrastructure; size of properties; cattle herd; subsidized credits; forest and indigenous reserves; land prices; number of inhabitants; age of householders; and per capita income. Further data description can be found in Table 1 .
Coding spatial data of potential land cover determinants
The selected deforestation determinants in Rondônia State were organized in a cellular database at 250 m resolution. These potential land cover determinants were coded into variables (listed in Table 1 ) using as reference the procedure adopted by Scouvart et al. (2007) . The coded variables represent the concepts to be adopted in the data-FCM.
Deforested and forested cells were extracted from land use maps from the PRODES project (INPE 2009 ) and coded as 1 and 0, respectively. Accessibility was calculated as the cost distance to the existing infrastructure in 2000 (urban areas, slaughterhouses, dairy industries, sawmills and mining areas), as described in Verburg, Overmars, and Witte (2004) . Infrastructure data included roads, urban areas, sawmills, mining areas, slaughterhouses and dairy industries (IBGE 2000; CPRM 2004; IBAMA 2005; MAPA 2008 ). Based on Alves, Pereira, Sousa, Soares, and Yamaguchi (1999), infrastructure was calculated as a buffer area of 12.5 km from the existing infrastructure and coded as 1 or as 0 elsewhere.
The occurrence of fires in 2000 was retrieved from remote sensing products (INPE/CPTEC 2005) and assessed by the Euclidian distance to hot spots with no codification. A soil fertility map retrieved from RADAMBRASIL (1978) was coded as 1 for two classes indicating the highest fertile soils and 0 for all other classes. Following Sombroek (2001) , the database cells with rainfall lower than 100 mm during the dry season (AprilSeptember) were considered the driest areas. Thus, dry season severity was coded as 1 when lower than this cut-off value or as 0 elsewhere.
The variables retrieved from census data as the number of inhabitants, per capita income and age of householders were not coded, to avoid considerable loss of spatial variability due to their aggregation at the district level (IBGE 2000) . Also, no codification was applied to cattle herd, subsidized credits and land prices (IDARON 2006; Brasil 2007; INCRA 2007) . Old and new settlements were retrieved from official colonized areas until 1980 and 2000, respectively, whereas spontaneous colonization areas were assessed subtracting areas of official settlements, conservation reserves and indigenous lands (IBAMA 2005; INCRA 2008) . Each of these spatial partitions was considered a unique variable coded as 1 or as 0 elsewhere. 
Correlation values versus literature review
The third step of the proposed methodology consisted of a cross-analysis between the coded variables, presented in a Pearson correlation matrix, and the literature review. The cross-analysis consisted of selecting the significant correlations (at 99% confidence level two-tailed test) that were confirmed by the literature. The selected correlations indicated the relevant causal relationships among any pair of concepts.
The decision rules adopted in the cross-analysis are given in Table 2 . The chosen relationships to build the data-FCM had to necessarily fulfil both conditions: to present a significant Pearson correlation and to be relevant to one or more case studies retrieved. Relationships without significant correlations and with no evidence from the literature were excluded. The literature review was limited to cases adopting spatial analysis at local or regional scale in Rondônia, or to areas presenting similar land occupation history, such as official settlements in Pará and in Acre states. Relationships occurring at broad temporal scales, such as fire reoccurrence due to intensified dry seasons, could only be 
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Per capita income confirmed by case studies at the scale of the entire Amazon (for the complete list of case studies per relationship see Appendix 1). Figure 4 illustrates the relationships selected in the cross-analysis and used to build the data-FCM.
Causal relationships
Once the relationships among concepts were established in a cognitive map based on spatial data, the next step was to determine their causality. The causality among relationships can take opposite directions depending on the assumptions made. As a result, the directions of the arrows necessarily have to be derived from the literature.
Road construction and deforestation is an example of disputed causality in the Brazilian Amazon. Although some authors argue that roads are the main cause of deforestation and forest fragmentation (Laurance, Albernaz, Fearnside, Vasconcelos, and Ferreira 2004; Arima, Walker, Sales, Souza, and Perz 2008) , others claim that roads play a synergic role with other location factors and cause less impact when appropriate enforcement is applied (Soares-Filho et al. 2004; Câmara et al. 2005; Fearnside and Graca 2006) . For the cases where the literature was inconclusive, we argue that the most recent publications applied to Rondônia at the regional scale represent the most significant insights. Table 3 indicates the directed edges (direction of the arrows) of the causal relationships identified and their supporting literature.
Semi-quantifying relationships
In this step the correlation matrix was used to estimate the strength of any relationship, which followed the same logic of adopting a reproducible and objective method. Similar to the method described by Kok (2009) , ranking the correlation values into an interval variable X ∈ [0, 1] representing the weights, we obtained the precise numeric distance between the correlations. Two initial assumptions were made. First, no relationship received a value of 1.0, indicating that a change in none of the concepts can lead to an equally strong change of another concept. It also implies that deforestation can only be explained by a synergy of several aspects (Soares-Filho et al. 2006; Aguiar, Câmara, and Escada 2007; Soler et al. 2009 ). Second, no significant relationships in the correlation matrix received a value of 0.1, assuming that relationships identified in the literature had a strength of at least 0.2.
The highest and the lowest correlation values of selected relationships received values of 0.9 and 0.2, respectively. The correlation values in between were then classified into a number of categories matching the exact numeric distance between 0.9 and 0.2 (see Table 4 ). To be concise, the semi-quantification of relationships was assessed by ranking the strengths of relationships where the final weights represent the relative strengths of causality.
Building and calibrating FCMs
The final step consisted of bringing together the structure of the relationships (Figure 4) , their causality (Table 3) and weights (Table 4) into a FCM in a matrix form arranging the adjacency matrix and the state vector.
The FCM is assumed to be calibrated when it reaches the quasi stabilization, that is, when the state values of all concepts become steady. Therefore, the calibration was done by varying the state values of specific concepts (from 0 to 1), until their stabilization after a number of iterations. In general, the concepts chosen for the state vector calibration are those that stabilize the system as a whole. Stabilization is also obtained by varying the eigenvalues in the adjacency matrix (from -1 to +1), which represent the self-reinforcing Fujisaka et al. (1996) , Andersen and Reis (1997) , Alves et al. (1999 Alves et al. ( , 2003 relationships (C i → C i ). In general, concepts with no input from other concepts need a selfreinforcing relationship to sustain their influence in the FCM. The resulting FCM (data-FCM) can also be represented in a graphic form, as illustrated in Figure 5 .
Interpreting FCM outputs
The interpretation of a FCM is made, keeping in mind the semi-quantitative nature of numbers representing the concepts and weights. The interpretation of FCM outputs is done by comparing the final state values of concepts after the system stabilization. The data-FCM stabilized after 10 iterations ( Figure 6 ) and reflects the current system dynamics in Rondônia State, that is, with high final state values for agro-pasture expansion (1.42) driven by dry season severity (0.93) and a relative high value of fire spots (0.55) and accessibility (0.52). The final state values of subsidized credits (1.00), infrastructure (1.20), Figure 6 . Graphical outputs of 20 step iterations using the fuzzy cognitive map resulted from the method proposed (data-FCM). The system stabilization is reached after 10 iterations.
old settlements (1.00), spontaneous colonization (1.00) and conservation units (0.50) were also indicated in the resulting FCM as important determinants of the system. However, their dynamic outputs, that is, the new state values of these concepts, resultant from all iterations were constant and therefore not included in the graphical FCM. The final state values of land prices (0.30), per capita income (0.28) and cattle herd (0.23) indicated that they play a less important role in the regional agro-pasture expansion. The low state value of high fertility (0.03) indicates that this determinant plays a less important role in the land systems in Rondônia when compared with the other determinants. This can be due to the low frequency of high fertile soils in the region (Fearnside 1986 ; Cochrane, T.T. and Cochrane, T.A. 2006).
Analysis of interactions and feedback mechanisms
The analysis of the initial iterations shows that agro-pasture stabilization occurs due to the combined effect of a number of concepts, particularly land prices, subsidized credits, dry season severity and old settlements. Land prices are weakly influenced by the negative feedback mechanism with agro-pasture expansion, but stabilize due to the interaction with subsidized credits. Accessibility contributed significantly towards stabilizing land prices, which indicates the gradual stabilization of land markets in old frontiers that are more accessible to local markets. Infrastructure contributed towards stabilizing accessibility similarly to its feedback with agro-pasture expansion, which indicates that deforestation can occur before infrastructure expansion as, for example, in logging activities in the region (Matricardi, Skole, Cochrane, Pedlowski, and Chomentowski 2007) . Fire spots stabilized in a positive trend due to the contribution of agro-pasture expansion and dry season severity, even though the latter is less important.
Agro-pasture expansion determined the increase in fire spots rather than the feedback mechanism with dry season severity. However, by removing this feedback dry season severity is decreased by 26% and fire spots by 70%. Agro-pasture expansion also determined dry season severity and per capita income. By removing the contribution of agro-pasture in such feedbacks, dry season severity and per capita income decreased by 96%, whereas agro-pasture expansion decreased by 26%. The data-FCM indicates that the feedbacks among agro-pasture expansion, land prices and dry season severity drive the system in a more significant way than the feedbacks between agro-pasture and accessibility or per capita income.
The proposed method has indicated coherent outputs regarding the relative differences of importance of determinants of deforestation and their interactions in the case study adopted. However, a sensitivity analysis of the main outputs of the data-FCM is done in the next section to identify potential limitations of the method. Also, in the subsequent sections we develop a scenario analysis based on the data-FCM and compare the reliability of the outputs to published results using spatially explicit models of land use/land cover change. Only then is it possible to address the conclusions about the advantage of building FCM based on spatial data rather than on participatory approaches and endorse the consistency between demand and allocation in scenario analysis.
Incorporating expert knowledge
Although the direct link between weights and Pearson correlations is an objective procedure, an inherent uncertainty is present. Scale issues and inaccuracy of spatial data, as well as spatial autocorrelation among variables, can affect correlation values (Veldkamp et al. , 2004 Overmars, De Koning, and Veldkamp 2003) . To evaluate such uncertainties, we performed semi-structured interviews with experts to capture their interpretation of significant concepts and relationships. In total 10 experts were interviewed including land use modellers, ecologists, agronomists, biologists and social scientists from INPE (National Institute for Space Research), MPEG (Museu Paraense Emílio Goeldi) and UFRJ (Federal University of Rio de Janeiro). They were selected by their relevant scientific background in Amazonian deforestation studies and their influence on the policy decisions.
Using the concepts and the causal relationships adopted in the data-FCM, the interviewed experts were asked to rank the relative importance of each relationship (strong, medium and weak). The outcome of each interview was depicted as a FCM. Consequently, a consensual opinion from experts was obtained for each relationship and ranked into numerical weights according to Table 4 . The experts mentioned three relationships not significant in the correlation matrix and one relationship with supporting literature. These relationships were not included in the data-FCM and only considered in the sensitivity analysis. Using the weights from expert consensus and the data-FCM structure, we obtained a new adapted FCM, called expert-FCM illustrated by Figure 7 .
The expert-FCM stabilized after 20 iterations and the final state values of dry season severity (4.65) and fire spots (4.46) indicate that these concepts are strong determinants of agro-pasture expansion. Per capita income (2.32) and accessibility (1.81) are also important drivers of agro-pasture expansion. However, cattle herd (0.13) and land prices (-1.28) have little influence on the system, which diverges from the literature (Andersen and Reis 1997; Margulis 2004; Sills and Caviglia-Harris 2008) . Similar to the data-FCM, high fertility (-1.34) had little influence on agro-pasture expansion, even though this relationship had only been observed at the household level (Witcover, Vosti, Carpentier, and Gomes 2006; Soler and Verburg 2010) .
Spatial data versus expert knowledge
The semi-quantification of weights of relationships can be taken as the main weakness when comparing two FCMs built with the same relationships, but with distinct weights as the expert-FCM and the data-FCM. Despite that, the normalization of concepts and the final state values can provide a partial link to qualitative outputs and facilitate the comparison between these two FCMs. However, the concepts representing variables acting at distinct temporal scales cannot be well represented as the number of iterations in an Figure 7 . Graphical outputs of 20 step iterations using the fuzzy cognitive map (expert−FCM) resulted from the combination of 1) the data−FCM structure, given by the correlation matrix; and 2) the strengths among relationships given by expert consensus. The system stabilization is reached after 20 iterations.
FCM cannot be directly translated into temporal units. Spatial and temporal issues have no simple solution especially in a FCM representation, and they must be taken into account when interpreting and comparing two FCMs.
The comparison between normalized state values of the data-FCM and the expert-FCM indicated that agro-pasture expansion, high fertility, cattle herd and forest reserves were quite similar in both FCMs. The higher outcomes in the expert-FCM were striking when compared to the data-FCM for the final state values of fire spots (166%), per capita income (120%) and dry season severity (92%). In contrast, significant higher state values were observed in the data-FCM compared to the expert-FCM for infrastructure (131%), subsidized credits (103%), land prices (72%), spontaneous colonization (103%) and old settlements (103%). Such differences are mostly due to the concepts acting at longer time scales (e.g. fire spots and dry season severity) in the expert-FCM, whereas in the data-FCM concepts acting at similar spatial scales showed higher state values.
These results indicate the inherent limitations of the method, that is, the expert opinion gives higher importance to long-term variables that have a high impact on deforestation (Nepstad et al. 1999; Aragão et al. 2008) but cannot be appropriately represented in a FCM specially when built from correlation values of one single year. On the contrary, the data-FCM seems to show higher importance for concepts acting at similar temporal and spatial scales. Although the importance of most feedback mechanisms was similar to the stabilization of both FCMs, the more evident hectic behaviour of concepts during the initial iterations in the data-FCM indicates a higher influence of feedback mechanisms than in the expert-FCM.
Sensitivity analysis of relationships
The divergence of strengths of causal relationships between the data-FCM and the expert-FCM was evaluated. Two levels of disagreement between the two FCMs were considered: a disagreement (a mismatch within 0.2-0.4) and a strong disagreement (a mismatch ≥0.5), as illustrated in Table 5 . By adding an external concept, representing land demand or public policies and by exploring the weights between this concept and the existing ones, it is possible to draw conclusions about the sensitivity of the relationships. Sensitive relationships are assumed to cause a change of ≥0.5 in the state value of agro-pasture expansion in the data-FCM and are indicated in the last column of Table 5 .
Taking into account the 24 relationships included in the data-FCM, a total of 12 were identified as sensitive. Additionally, two relationships not included in the data-FCM but mentioned by the experts were also identified as sensitive. Out of 12 sensitive relationships in the data-FCM, 4 presented a disagreement and 5 presented a strong disagreement.
Only 20% of the relationships in the data-FCM presented a strong disagreement to the expert-FCM, which indicates a reasonable coherence of the proposed method. All the relationships with a strong disagreement were sensitive, and they indicated that the weights were underestimated in the data-FCM because of data limitations concerning scale issues. Although deforested cells are given in a detailed resolution of 30 m, subsidized credits and cattle herd are aggregated at the municipality level and high fertility is given at a much coarser scale (1:1,000,000).
The sensitive relationships with a disagreement were affected by poor data quality and spatial autocorrelation. The relationship between fire spots and high fertility was undervalued, whereas the relationship between cattle herd and high fertility was overvalued when using the correlation matrix. Spatial autocorrelation between accessibility and land prices or accessibility and forest reserves resulted in undervalued weights in the data-FCM. This occurs mainly in old settlements where highly deforested areas mask the influence of main roads.
Land cover change scenarios
In this section, the sensitive relationships are explored in a scenario analysis, as an example of application of the data-FCM. Two external concepts were added representing demand and public policies and received the initial state values of 1.0 and 0.5, respectively. The scenarios were based on two main issues tackled with new policies by the Brazilian government in the Amazon: land reform in confrontation to forest conservation and climate change mitigation (Brazilian Goverment 2008 ).
(1) Land reform and conservation: The increase of both official settlements and spontaneous colonization is considered to-be a cause of significant deforestation (Fearnside 1993; Alves et al. 2003; Brandão and Souza 2006; Ludewigs, D'antona, Brondizio, and Hetrick 2009) . However, deforestation is controlled by law enforcement over forest reserves and indigenous lands Soares-Filho et al. 2006) . In this scenario, the influence of demand on spontaneous colonization received a weight of 1.0, whereas the influence of public policies on old settlements and on conservation reserves received 1.0 and 0.5, respectively. (2) Climate change mitigation: We consider public policies that cut subsidies and stimulate forest conservation through environmental services rewards (Borner and Wunder 2008; Fearnside 2008a ). However, we depict a scenario with intensification of dry season severity as a response to climate change (Malhi et al. 2009) . In this scenario, the influence of demand on dry season severity receives a weight of 1.0, whereas the influence of public policies on subsidized credits and conservation reserves receives -0.5 and 1.0, respectively. The scenarios evaluation was made, comparing the variation of the final state values within the same system (data-FCM or expert-FCM) to their respective scenarios illustrated in Figure 8 . Normalized state values were assessed as an attempt to compare the data-FCM and the expert-FCM. Similar to the current situation, the expert-FCM presented higher amplitude of the final state values than the data-FCM for both scenarios. The land reform and conservation policies scenario indicated a relevant increase on deforestation (i.e. agro-pasture expansion) for both the expert-FCM (9.70) and the data-FCM (2.68), although the latter to a smaller extent. This difference is due to a higher (indirect) contribution of spontaneous colonization to the final state value of accessibility (5.65) in the expert-FCM, in comparison to the data-FCM (1.65). Note that neither FCM indicated a decrease on deforestation rates with law enforcement over forest reserves, but in the data-FCM forest reserves equalized fire spots (0.55), soil fertility (0.03) and cattle herd (0.23) to the current situation. This indicates a more optimistic trend of land impoverishment.
In the climate change mitigation scenario, both FCMs showed a decrease in deforestation particularly because of reduced subsidies. Agro-pasture expansion in the data-FCM and in the expert-FCM was 0.86 and 1.93, respectively. Thus, the stabilization of a concept in a FCM does not mean its stagnation. In both systems dry season severity and fire spots decreased significantly under the influence of public policies over forest reserves, which reflects the role of protected areas in regulating rainfall patterns (Walker et al. 2009 ). In addition, the data-FCM indicated a more positive scenario of high soil fertility (0.18) and cattle herd (0.11), with decreased fire spots (-0.77 ). This scenario suggests that agropasture expansion might not be directly stopped by intensified dry seasons, but they can disturb the resilience of land system and notably affect agro-pasture activities (Laurance and Williamson 2001; Aragão et al. 2007; Malhi et al. 2009) . A return to current degree of resilience is suggested by both systems with high subsidies.
Qualitative outputs of scenario analysis
To evaluate the applicability of scenario analysis using FCMs, the normalized scenario outputs are compared to the output of similar scenarios assessed by spatial models of deforestation in the Brazilian Amazon (see Table 6 ). The different outputs were normalized based on the data-FCM in the current situation.
Aguiar (2006) presented projection of deforestation over 23 years using spatial data at macro-and mesoscale. The results are presented for some hot spots of deforestation from which we took the Transamazon highway case that was to be compared with the FCMs outputs. Soares-Filho et al. (2004) simulated two scenarios of deforestation at local scale over 30 years, with detailed spatial data for the Transamazon highway among other three areas. Dale, Oneill, Southworth, and Pedlowski (1994) simulated deforestation models at the property scale in Rondônia State using spatial data at fine scale. The authors simulated a best-case scenario with innovative land practices and a typical case scenario where the whole property, including its legal reserve, is deforested after 20 years.
Deforestation rates obtained in the scenarios of spatial models are reasonably comparable to the rates obtained in the FCMs. Similar deforestation rates between the FCMs outputs under the current situation and the accessibility scenario presented by Aguiar (2006) can be due to a higher similarity in the scenarios assumptions. Moreover, this case study adopted spatial data and scale of analysis comparable to our case study in Rondônia State. In the scenarios presented by Soares-Filho et al. (2004) , lower deforestation rates were obtained in comparison with both FCMs outputs, although in the data-FCM under the land reform and conservation scenario the difference was smaller. Plausible reasons are the use of detailed fieldwork information and different assumptions in conservation policies between the land reform and conservation and the governance scenario. At the property level, the simulated changes by Dale et al. (1994) under the typical case scenario were almost twofold higher than both FCMs under the current situation. Differences between the best case and the land reform and conservation scenarios were relevant in the data-FCM. This incongruence at the fine spatial scale is likely due to drivers and processes acting at smaller scales than our regional case study accounts for, which might limit the exemplified application.
Strong and weak points of the proposed method
Reproducibility and robustness can be considered the strongest points of the proposed method, in comparison with participatory methods of building FCMs. The main similarities between the data-FCM and the expert-FCM were the equalized final state values of agro-pasture expansion and the importance of most feedback mechanisms. Furthermore, feedback mechanisms between agro-pasture expansion and land prices and between agropasture expansion and dry season severity have shown coherent responses to the literature (Nepstad et al. 2001; Aragão et al. 2007; Sills and Caviglia-Harris 2008) , which reinforces the structure based on the correlation matrix.
The weakest points of the method are arguably data and literature availability limiting the identification of causal relationships. The semi-quantification of relationships was most limited by pitfalls intrinsic to empirical and multi-level data analysis such as scale issues, poor data quality and spatial autocorrelation. Processes occurring at different time scales were poorly captured in the correlation matrix (as the increase of fire spots with drier periods). Feedbacks between fire spots and high fertility and between accessibility and land prices were undervalued in the data-FCM, as a result of poor data quality and spatial autocorrelation. Different data aggregation of subsidized credits and per capita income as well as incomplete land tenure data resulted in undervalued relationships in the data-FCM.
In the scenario analysis, regional processes are better simulated in the data-FCM (e.g. soil impoverishment due to the increase on fire spots). On the contrary, the expert-FCM translated better processes occurring at broader scales, for instance, the role of forest reserves in rainfall patterns. Despite this, both systems indicated the high sensitivity of conservation policies being negatively affected by the current paradigm of agrarian settlements and existing subsidized credits (Pedlowski et al. 2005; Pacheco 2009 ) and positively affected when subsidies are removed. The qualitative comparison of scenarios outputs between spatial models and FCMs indicated that the latter provide coherent demands of change. Limitations lie on data availability and scale dependence of processes within the case study adopted.
Conclusions
By using the data-FCM in scenario analysis, it is possible to evaluate the sensitivity of governance and to assess rates of land cover change comparable to spatially explicit model outputs. Thus, the data-FCM can be used as a new method of scenario analysis. We argue that by incorporating the proposed method to spatially explicit models we endorse the consistency between demand and allocation. In addition, we prevent the potential incongruence of considering divergent realities from stakeholders or too different backgrounds given by experts' consensus.
The resulting FCM based on spatially explicit data has proved to be a coherent tool to assess land cover change scenarios. Even though there are no strong arguments to claim that the data-FCM is more suitable than the expert-FCM for scenario analysis, the data-FCM represents a more robust and reproducible method. The main limitations of the method lie in on data and literature availability as well as spatial and temporal scaling issues when dealing with multi-level data.
Because of data-FCM limitations, expert-FCM can be claimed to be more suitable to assess more realistic scenario analyses. However, the robustness and reproducibility of this method are compromised as the same group of experts could suggest different strengths and relationships according to current land system dynamics and environmental policies agenda. Even though the expert-FCM was useful as a means to reveal spatial data limitations as autocorrelation, its structure mirrored the data-FCM structure and is under the influence of similar limitations as data availability, scaling issues and literature availability. Therefore, expert-FCM could be used as a complementary step to the proposed data-FCM to diminish data limitation issues. 
